Atrial fibrillation (AF) is the most common arrhythmia encountered in clinical practice, and its paroxysmal nature makes its detection challenging. In this trial, we evaluated a novel App for its accuracy to differentiate between patients in AF and patients in sinus rhythm (SR) using the plethysmographic sensor of an iPhone 4S and the integrated LED only.
Introduction
Atrial fibrillation (AF) is the most common arrhythmia encountered in clinical practice. Without specific therapy, the risk for stroke and congestive heart failure increases significantly. 1 Because of the paroxysmal nature of AF that may be present for years before it becomes persistent, detection is challenging and often unsuccessful. Recent trials support the use of intensified diagnostic strategies to detect AF in selected patients, although the methods used are costly or inconvenient. 2, 3 Even with the rapidly increasing knowledge in this field, the relevance of subclinical AF and the temporal correlation between AF and stroke remains controversial and is still being addressed in ongoing trials (ARTESiA ClinicalTrials.gov Identifier: NCT01938248). 4, 5 The use of smartphones and smartwatches in medical practice is currently being evaluated. Most of these devices are equipped with plethysmographic sensors that are able to monitor the heart rate. It is important to recognize, though, that these tools in general are not validated in clinical trials. Based on the hardware available at present, we developed an App that simultaneously processes multiple physiological parameters using a novel pulse wave analysis and nonlinear methods for signal analysis. We specifically aimed at a standalone tool that needs no additional peripheral device except for a smartphone or smartwatch. In this trial, we evaluated the App for its accuracy to differentiate between patients in AF and patients in sinus rhythm (SR).
Methods

Study population
We conducted a case-control study including 80 consecutive in-and outpatients at the University Hospital Basel. Excluded from the study were patients under 18 years of age, patients unable to give informed consent, and patients with either dialysis shunt or lymphedema. The study group required a diagnosis of AF in the patient record and at least one electrocardiogram (ECG) recording showing AF. This group was then compared with a control group of 40 patients in SR at the time of examination.
Signal acquisition
For signal acquisition, we used an iPhone 4S (Apple, Inc., Cupertino, CA, USA). The device was positioned on the index fingertip with the camera lens and LED light placed on the finger. A 5 min video file was recorded ( Figure 1 , see Supplementary material online, Movie S1). The peripheral pulse wave was extracted from the video signals as explained in detail below.
As a reference signal, we used a heart rate monitor chest belt (Wahoo TICKR, Model SHRM1G, Wahoo Fitness, 90 West Wieuca Rd NE #110, Atlanta, GA) that was positioned in a standard fashion around the patient's chest. The signal recorded with this belt was transmitted to the iPhone via Bluetooth. This signal provided simultaneous RR intervals and was used as a reference to document the presence of AF at the time of recording.
Pulse waveform analysis
The pulse wave signal was derived from the green light spectrum channel of the recorded video signal. Signals were filtered using a bandpass filter with a lower and upper cut-off frequency of 0.5 and 7 Hz, respectively. A novel heart beat detection algorithm based on a combination of morphology and frequency analysis of the pulse wave was applied to detect all beat-to-beat intervals (BBI). This algorithm was recently validated and yielded an excellent correlation of r . 0.99, compared with RR intervals from standard ECG recordings. 6 From the extracted BBI time series, several indices representing the variability of heart rhythm were calculated and analysed regarding their ability to discriminate between AF and SR. For the analysis, premature beats and other disruptions were eliminated and corresponding points on the BBI time series replaced, using an algorithm for adaptive variance estimation. 7 Patients in the control group only had a minor number of ectopic beats (,5%). Therefore, the impact of ectopy on variability indices is rather low and is even less after filtering of the tachogram.
Statistics/data analysis
Results were reported as group means and standard deviations. To test for significant differences between AF and SR, we applied the MannWhitney U test. The performance of each index was assessed by estimating the area under the receiver-operating characteristic (ROC) curve. Cut-offs were chosen to achieve a specificity of 90 -95%.
What's new? † Photoplethysmographic pulse wave signals from smartphone cameras can be used to screen for atrial fibrillation (AF). † No additional peripheral devices are needed with this App. † Implementation into smartwatches is the next logical step. † Sensitivity and specificity of this retrospective analysis are 95%. † Technical options to detect atrial fibrillation have significantly improved within the past decade. However, they carry the burden of a lack of comfort, invasiveness, and costs. We developed an algorithm that can be used with every smartphone and reliably differentiates between AF and SR in a trial setting. Once integrated into a smartwatch, screening for AF could become as convenient as wearing a watch. Three different statistical tests were examined in their ability to discriminate AF from SR:
(1) Root mean square of successive difference of RR intervals (RMSSD) is a standard index from heart rate variability (HRV) analysis to quantify beat-to-beat alterations. 8 In order to adjust for the effect of heart rate on the RR variability, the RMSSD value is normalized to the mean RR interval value. Since in AF the variability is distinctly higher than in SR, normalized RMSSD (nRMSSD) is expected to be higher in patients with AF. (2) Shannon entropy (ShE) is a statistical method to quantify uncertainty for a random variable and is expected to be higher in patients with AF since the pulse in these circumstances exhibits greater RR interval irregularity compared with pulses recorded from patients with SR.
Both ShE and nRMSSD were used before to discriminate between AF and SR. Using the statistical tests described above, we compared three different methods to discriminate between AF and SR.
The first method compared nRMSSD and ShE. Both indices were extracted from the pulse wave tachogram. Sensitivity, specificity, and accuracy were calculated for each of these indices separately and for the combination.
For the second method, a filter was applied to the pulse wave tachogram to eliminate premature beats and other disruptions as described above. This improved the applicability of the method and allowed patients with premature beats to be successfully separated from patients with AF.
For the third method, an additional index SD1/SD2 that was extracted from a Poincaré plot of a 5 min recording was tested. SD1/SD2, nRMSSD, and ShE were calculated from a filtered tachogram. Sensitivity, specificity, and accuracy were then calculated for each method separately and for the combination.
Results
Eighty patients were included in the study (40 patients in AF and 40 patients in SR at the time of examination). Patients in the AF group had a mean age of 80 years (SD + 8) and patients in the SR group 75 years (SD + 7). Male-to-female ratio was 2.4 in the AF group and 2.5 in the SR group. The average RR interval was higher in the AF group (AF 887 + 120 ms and SR 784 + 144 ms, P ¼ 0.0004).
First method
For the discrimination between AF and SR based on a 2-min pulse wave recording, the ShE yielded a sensitivity and specificity of 85 and 95% respectively, applying a cut-off value of 4.9 ( Figure 3) . This translates into 34/40 patients classified correctly and 2/40 patients classified incorrectly as AF.
Second method
The application of the tachogram filter improved sensitivity to 87.5%, while specificity remained stable at 95% using the index nRMSSD with a cut-off of 0.09. This translates into 35/40 patients classified correctly and 2/40 patients classified incorrectly as AF (Figure 3 
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Third method
By prolonging the recording time from 2 to 5 min and combining the index SD1/SD2 and nRMSSD, sensitivity and specificity increased to 95% with an area under the curve of 0.93 ( Figure 4) . The cut-off for classification as AF was an nRMSSD of .0.043 and an SD1/SD2 of .0.6. This translates into 38/40 patients classified correctly and 2/40 patients classified incorrectly as AF.
Results are presented in detail in Table 1 .
Discussion
Detection of AF for primary prevention and secondary prevention after stroke is a crucial necessity and remains a challenging task. Following the present guidelines, diagnosis of AF has to be confirmed prior to the initiation of anticoagulation therapy. 12 We therefore pursued to develop a simple, inexpensive, accessible, and reproducible non-invasive screening method to detect AF. The principal idea of the method described in this manuscript was demonstrated before by Mc Manus et al. who used a camera and LED light of an iPhone 4S to record pulse waves obtained from the fingertips of 76 patients before and after cardioversion. 9 They created an App to transform the optical signal in a waveshaped curve and tested for distribution of 'RR' intervals. With this technique, they could successfully discriminate AF from SR in patients before and after cardioversion with a specificity of 97% and a sensitivity of 96%. We applied the published algorithm to our study data and achieved a reduced sensitivity and specificity of 90 and 85%, respectively. This is most likely due to the fact that we tested consecutive patients and used other patients as controls, whereas Mc Manus et al. tested their algorithm in the same patients before and after cardioversion. We consider our setting closer to the intended use.
While the hardware part of our study is identical, the patients and the software are distinctly different. Processing of the signal follows an extensive algorithm to maximize signal robustness even in case of minor signal quality. This holds particularly true for the accurate calculation of shorter RR intervals during AF, where calculating RR-interval differences is more challenging. It is important to recognize, though, that the absolute heart rate is not part of the presented algorithm. We tested three different methods to differentiate between AF and SR. The highest sensitivity and specificity was achieved using the combination of the indices nRMSSD and SD1/SD2 with the tachogram filter. By prolonging the analyzed interval from 2 to 5 min, we reached a sensitivity and specificity of 95%.
It is important to point out that due to the case -control design of this study, these results most likely overestimate the power of this algorithm in a real-world setting to some extent. Furthermore, signal quality in a trial setting is usually superior compared with realworld use. We therefore see the need to implement a 'signal quality check' in the next version of the algorithm and test it prospectively in an unselected patient population.
As this application reliably differentiates between patients in AF and SR, we see a great clinical potential for this technique. It may be used to screen for AF in patients at risk. In addition, it may be utilized in patients who suffer from palpitations and in whom AF is yet to be diagnosed. In case an arrhythmia is detected, a conventional ECG is needed to diagnose AF. It is expected that ECGs can be obtained with the wristband of a smartwatch in the near future. Combined with this App, such a combination would provide an easy and available tool to detect AF. 
Limitations
Recording of a pulse wave with a smartphone is not convenient enough for elderly people. The trial was designed as proof of principle before the App can be tested in smartwatches, which are now widely available. The algorithm was evaluated in a retrospective analysis.
Conclusion
We have successfully tested an algorithm that reliably discriminated between SR and AF in individual patients based on pulse wave signals derived from a smartphone camera. Implementation of this algorithm into a smartwatch is the next logical step and will be evaluated in an upcoming trial (WATCH AF). This App is now available for free for limited testing: www. preventicus.com/afib
Supplementary material
Supplementary material is available at Europace online.
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